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Abstract 11 

The vast Indo-Gangetic Plains (IGP) south of the Himalaya are subject to dense fog every year 12 

during winter months (December-January), severely disrupting rail, air and public transport of 13 

millions of people living in northern India, Pakistan, Nepal and Bangladesh. Air pollution 14 

combined with high moisture availability in the shallow boundary layer, are important factors 15 

affecting the persistence and widespread nature of fog over the IGP. Despite the environmental 16 

significance and impacts on the public at-large, an in depth understanding of the long-term 17 

spatial-temporal distribution of the south Asian fog, is presently not available in the literature. 18 

We utilize infrared remote sensing techniques to develop a high-resolution (≈1 km x 1 km) fog 19 

detection climatology over the past two decades (2002 – 2020), using Aqua/MODIS satellite 20 

observations. A dynamic brightness temperature difference threshold (involving 3.96 μm and 21 

11.03 μm bands) for nighttime fog detection is constructed based on systematic radiative transfer 22 

simulations involving cloud effective radius, cloud top height, cloud optical depth and satellite 23 
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viewing geometry. Our satellite-based fog detection is consistent with theoretical simulations of 24 

fog characterization and is also found to be well-correlated with near-surface visibility 25 

observations of dense fog (r = 0.87, p-value << 0.01). We also provide satellite-derived 26 

nighttime estimates of fog/low-cloud effective radius which is in general agreement with the 27 

operational daytime MODIS cloud data product and limited in situ observations. In terms of fog 28 

frequency, the IGP is relatively uniformly covered by widespread fog occurrences with the 29 

largest frequency found in the low-lying Terai region, bordering India and Nepal, which is also 30 

consistently observed in our daytime fog detection results over the last two decades. 31 

Additionally, the interannual variations in fog occurrences track closely with that of relative 32 

humidity in the IGP, which is associated with shallow boundary layer conditions during winter-33 

time favoring the formation and persistence of fog. Overall, these long-term satellite-derived 34 

results present new high-resolution data and insights into the dense and often intense winter fog 35 

occurrences which routinely engulf the entire stretch of the Indo-Gangetic Plains and cause 36 

significant degradation to ground visibility in one of the world’s most densely populated regions.   37 

 38 

1. Introduction39 

Each year during the winter months (December-January), the Indo-Gangetic Plains (IGP) 40 

in the northern region of south Asia, experiences widespread and persistent occurrences of dense 41 

fog. The IGP spreads across a vast stretch of agriculturally fertile belt, encompassing major parts 42 

of northern India, Pakistan, Nepal and Bangladesh, and is among the topmost densely-populated 43 

regions worldwide. The winter fog disrupts day-to-day lives of hundreds of millions of people 44 

residing in the IGP (Hameed et al., 2000; Ghude et al., 2017; Gautam and Singh, 2018; Saikawa 45 
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et al., 2019). Severe spells of fog often reduce the near-surface visibility to less than 50-100 46 

meters causing prolonged delays and cancellations in air and rail transportation, resulting in large 47 

socio-economic losses, and are even known to episodically trigger vehicular accidents (Hameed 48 

et al., 2000; Gautam et al., 2007; Jenamani, 2007; Ghude et al., 2017). In polluted environments, 49 

dense fog is also associated with significant air quality degradation making it a serious public 50 

health issue (Decesari et al., 2017; Li et al., 2016; Agarwal et al., 2017; Gupta and Elumalai, 51 

2018), as well as impacts to agriculture (Zhang et al., 2014; Bhatta et al., 2016).  52 

High winter-time air pollution over south Asia, in particular over the IGP, associated with 53 

anthropogenic emissions from urban, residential and industrial sources (Venkataraman et al., 54 

2018), combined with availability of sufficient moisture in the shallow boundary layer, are some 55 

of the important factors causing the severity, persistence and widespread nature of fog over IGP 56 

(Pasricha et al., 2003; Jenamani, 2007; Pan et al., 2015; Gautam et al., 2014; Ghude et al., 2017; 57 

Dey, 2018). Owing to the importance of the winter fog in the south Asian atmospheric 58 

environment including its coupling with air pollution as well as the impacts on the densely-59 

populated region, the understanding and characterization of fog across the IGP is critical for the 60 

purposes of fog monitoring, forecasting and assessing linkages with weather and pollution. 61 

Surface meteorological observations provide valuable information about visibility and weather 62 

related parameters needed to characterize fog episodes but these data are confined to a few point 63 

locations in the IGP and the current representation of the characteristics of fog is limited with 64 

large gaps in the context of south Asia (Gautam et al., 2007; Jenamani, 2007; Ghude et al. 2017). 65 

In this study, we utilize daily high-resolution satellite observations acquired during the past two 66 

decades, along with inputs from surface meteorological observations as well as model and 67 
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observation-based reanalysis datasets, to map and quantify the spatial and temporal distribution 68 

of the dense fog cover over the IGP.  69 

Research on fog detection using satellite remote sensing has been carried out mainly 70 

using multi-spectral systems involving thermal infrared channels (Gultepe et al., 2007). Hunt 71 

(1973) suggested that small droplets found in fog are associated with lower emissivity at 3.7 μm 72 

than at 10.8 μm, while the emissivity at these two bands is roughly the same for larger droplets. 73 

The difference in emissivity leads to significant contrast in brightness temperatures at the mid-74 

infrared and thermal infrared bands. Further studies (e.g. Eyre et al.,1984; Turner et al., 1986; 75 

Lee et al., 1997; Ahn et al., 2003; Cermak and Bendix, 2007) applied similar approaches to 76 

satellite monitoring of nighttime fog/low stratus with observations from the Advanced Very High 77 

Resolution Radiometer (AVHRR), the Geostationary Operational Environmental Satellite 78 

Imager (GOES-8+), Geostationary Meteorological Satellite (GMS-5) and the Spinning Enhanced 79 

Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation (MSG) satellite. 80 

In addition, satellite-based infrared measurements combined with microwave data has also been 81 

demonstrated towards fog characterization especially for the detection of marine fog (Wilcox, 82 

2017). 83 

Over south Asia, there have been several efforts involving satellite remote sensing of fog 84 

using the brightness temperature difference method and retrievals of cloud microphysical 85 

properties (Gautam et al., 2007; Chaurasia et al., 2011; Ahmed et al., 2015; Dey, 2018; Gautam 86 

and Singh, 2018; Banerjee and Padmakumari, 2020). Despite recent efforts in detecting and 87 

characterizing fog over the IGP, a long-term spatial-temporal climatology of fog especially for 88 

the nighttime observations does not exist. Here, using 19 years of Moderate resolution Imaging 89 

Spectroradiometer (MODIS) satellite observations from 2002 to 2020, we produce a high-90 
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resolution climatological distribution of fog covering the entire IGP at ≈1 km x 1 km spatial 91 

resolution. Our study focuses on the nighttime fog while also providing a long-term climatology 92 

of daytime fog frequency using Terra/MODIS data. In addition, we estimate Cloud Effective 93 

Radius (CER) for the winter-time fog/low-cloud cover and discuss its characteristics over the 94 

IGP. This work is carried out using a series of systematic radiative transfer simulations involving 95 

daily nighttime radiance observations from Aqua/MODIS at ~1:30 am local-time from 2002 to 96 

2020. We also discuss the year-to-year variability in fog during the last two decades based on our 97 

satellite-derived results, in conjunction with analysis of meteorological variables to explain the 98 

fog variability across the IGP. 99 

2. Datasets 100 

We used Level-1b nighttime radiance and Level-2 cloud retrievals from MODIS 101 

observations for December-January months during the 19-year period 2002 to 2020.  For 102 

nighttime fog detection, both the Level-1b data and cloud products retrieved from MODIS 103 

onboard Aqua are used over the IGP bounded by 70°E - 95°E, 20°N - 33°N. The Aqua satellite 104 

follows a descending night track, crossing the equator at approximately 2100 UTC (01:30 am 105 

local time). The MODIS instrument has a swath width of 2330 km which covers the globe every 106 

1-2 days and provides multispectral imagery in 36 discrete bands from 0.4 μm to 14.4 μm.  For 107 

the nighttime fog detection algorithm, we used the emissive channels - band 22 (3.939 μm – 108 

3.989 μm) and 31 (10.780 μm – 11.280 μm) at ≈1 km x 1 km spatial resolution (at nadir). The 109 

emissive bands are given in radiances (in the units of 𝑊/𝑚2/μm/sr), which were converted to 110 

equivalent black body temperature or the brightness temperature by using the Planck’s law. 111 

 In addition to nighttime radiance data, we used Level-2 retrievals including Cloud Top 112 

Height (CTH), representing the geopotential height at cloud top pressure level, which is derived 113 
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using infrared channel radiances. Cloud microphysical and optical properties such as Cloud 114 

Optical Thickness (COT) and CER, derived using visible radiances, were also used for daytime 115 

fog characterization. This product include datasets at a spatial resolution of 1 km or 5 km. The 116 

CER retrieval is obtained via a dual-channel retrieval method with band 7 (2.1 μm) combined 117 

with any one of the following visible-near infrared channels, band 1 (0.65 μm), band 2 (0.86 μm) 118 

or band 5 (1.2 μm). In this study, all Level-2 cloud retrievals are used from MODIS Collection 6 119 

data product where only high confidence quality assured cloud optical properties data are 120 

reported (Platnick et al., 2016).  For characterizing the impact of sensor viewing geometry on fog 121 

detection, we used the MODIS sensor zenith angle. In addition for comparative analysis of the 122 

nighttime simulated CER, we used the daytime CER which is available at a spatial resolution of 123 

1 km.   124 

We also used surface-based meteorological data for intercomparing with the outputs of 125 

the satellite-based fog detection algorithm. Specifically, the winter-time fog frequency is 126 

compared with the visibility data obtained from the National Climate Data Center (NCDC). The 127 

near-surface visibility data is part of the Integrated Surface Data (ISD), which includes 128 

worldwide weather observations from over 20,000 ground stations. We note here that the inter-129 

comparison should not be considered as an ideal evaluation between satellite and surface-130 

detected fog due to some inherent factors involving satellite-based fog detection such as orbital 131 

gaps in satellite data as well as the presence of overlaying clouds in the mid-high troposphere, 132 

affecting the MODIS retrievals of low-lying fog.  133 

3. Nighttime fog remote sensing 134 

We primarily discuss here the nighttime fog detection framework using MODIS observations 135 

over the IGP. In addition, we leverage an existing approach for daytime fog detection and 136 
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present the fog characterization for both day and nighttime. In this section, we discuss a 137 

physically-consistent radiative transfer based approach to detect fog/low stratus cloud during 138 

nighttime, for the period 2002-2020 and apply it to the entire IGP towards developing a long-139 

term spatial-temporal climatology. The algorithm uses a dynamic threshold based on Brightness 140 

Temperature Difference (BTD) instead of using a static threshold discussed in some previous 141 

studies over India (Chaurasia et al., 2011; Ahmed et al., 2015; Dey, 2018).  142 

We used a bi-spectral difference method which utilizes contrasting responses to fog by 143 

two channels in the thermal bands (e.g. Ahn et al., 2003). The MODIS band 31 in the thermal IR 144 

range (11.02 𝜇𝑚) with an emissivity close to one for the fog (Eyre et al., 1984; Dey, 2018), is 145 

associated with a higher emissivity for fog than the shortwave infrared band 22 (3.96 𝜇𝑚). Fig. 1 146 

shows three cases of widespread fog over the IGP on 30 January 2014 (Fig. 1a), 11 December 147 

2016 (Fig. 1b) and 1 January 2018 (Fig. 1c). Corresponding to these three cases, Fig. 2 shows 148 

characteristic variations in brightness temperature (𝑇𝑏), with the 𝑇𝑏(𝑏𝑎𝑛𝑑 31) on 30 January 149 

2014 (Fig. 2a), 11 December 2016 (Fig. 2b) and 1 January 2018 (Fig. 2c) higher compared to 150 

𝑇𝑏(𝑏𝑎𝑛𝑑 22) for the respective dates (Fig. 2d, 2e, 2f) from Aqua/MODIS observations at ~1:30 151 

am local-time. The enhanced positive values in the brightness temperature difference ∆𝑇𝑏 =152 

𝑇𝑏(𝑏𝑎𝑛𝑑 31) − 𝑇𝑏(𝑏𝑎𝑛𝑑 22) observed in Fig. 2g, 2h, 2i are evident across the IGP associated 153 

with the fog (> 2𝐾 ∆𝑇𝑏). This characteristic positive difference is largely associated with a 154 

reduced brightness temperature signal for band 22, which is most pronounced for fog/low-level 155 

stratus clouds with small droplets.  156 

 On the contrary, ice clouds such as the high-altitude cirrus have a reversed difference due 157 

to the increased emissivity at band 22. In cloud-free conditions, the difference is much smaller 158 

and mainly due to variations in water vapour absorption between the two bands (e.g. Ellrod et al., 159 
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1995). Additionally, the BTD method is also able to effectively distinguish fog from snow-160 

covered areas (such as the Himalayan snow and ice cover) during nighttime, where the 161 

differences in the two spectral channels are insignificant, since snow emits more efficiently at the 162 

3.9 µm channel than fog, similar to a clear surface or sea (Ahn et al., 2003).  163 

In principle, positive ∆𝑇𝑏 values indicate the presence of fog/low-level clouds; whereas 164 

negative ∆𝑇𝑏 is typically associated with the presence of high clouds and ∆𝑇𝑏  ≈ 0 (or negligible 165 

difference) indicates cloud-free conditions (Eyre et al., 1984). The value of ∆𝑇𝑏 varies with 166 

differences in the characteristics of cloud droplets in the atmosphere. In addition, ∆𝑇𝑏 also varies 167 

as a function of satellite sensor zenith angle (𝜃) (Cermak and Bendix, 2007). We also note here 168 

that ∆𝑇𝑏 can be sensitive to changes in cloud top height (ℎ𝑐), with infrared (IR) and shortwave IR 169 

brightness temperatures varying for clouds closer to ground vs. cloud fields that are elevated in 170 

the troposphere. 171 

For characterizing the relationship between CER and the corresponding brightness 172 

temperature, we used a combined approach based on satellite data and theoretical simualtions 173 

using a radiative transfer model: Santa Barbara Disort Atmospheric Radiative Transfer 174 

(SBDART), which is based on a collection of sophisticated and reliable physical models, 175 

developed and widely used by the atmospheric science community over the past decades 176 

(Ricchiazzi et al., 1999). Here, we simulate nighttime radiance at the top of atmosphere (TOA), 177 

which were converted to their respective brightness temperature by inverting the Plank’s 178 

function. 179 

3.1 Characterizing infrared brightness temperatures for fog detection 180 
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In order to characterize changes in cloud droplet size and its impact on at-sensor satellite 181 

radiance/brightness temperatures, the simulated 𝑇𝑏 values at 𝜃 = 20° for 3.96 𝜇𝑚 and 11.02 𝜇𝑚, 182 

with respect to cloud effective radius are shown in Fig. 3. The Fig. 3a shows that at 11.02 𝜇𝑚, 183 

the 𝑇𝑏 is not sensitive to changes in CER (symbolized here as 𝑟𝑐), as brightness temperature 184 

values are nearly constant across values of CER (the 𝑇𝑏 ranges between 281 − 282 K for 2 ≤185 

𝑟𝑐 ≤ 40 𝜇𝑚). At 3.96 𝜇𝑚, the 𝑇𝑏 is highly sensitive to the changes in 𝑟𝑐. For smaller droplet radii 186 

(< 15 𝜇𝑚), 𝑇𝑏 increases significantly from 274 K to 280 K, but for higher values of 𝑟𝑐 (from 15 187 

𝜇𝑚 to 40 𝜇𝑚), the 𝑇𝑏 becomes largely insensitive (varying from 280 K to 281 K) to changes in 188 

𝑟𝑐. Fig. 3b shows that the difference between 𝑇𝑏 at 11.02 𝜇𝑚 and 3.96 𝜇𝑚 yields greater positive 189 

values for lower 𝑟𝑐, whereas for higher 𝑟𝑐, the absolute value of ∆𝑇𝑏 is very small compared to 190 

that of ∆𝑇𝑏 at lower 𝑟𝑐. For instance, there is an order of magnitude difference in the ∆𝑇𝑏values 191 

between  𝑟𝑐 = 2 𝜇𝑚 and  𝑟𝑐 = 20 𝜇𝑚. 192 

Previous studies have suggested that majority of fog/low stratus clouds are associated 193 

with small cloud effective radius (e.g. 𝑟𝑐 < 9 𝜇𝑚) (Bendix et al., 2005; Gautam et al., 2007; 194 

Ghude et al., 2017). The simulated ∆𝑇𝑏 corresponding to 𝑟𝑐 < 9 𝜇𝑚 were found to be larger than 195 

2.5 K (Fig. 3b). A fixed ∆𝑇𝑏threshold is presently being used by the Indian Meteorological 196 

Department (e.g. Chaurasia et al., 2011; Dey, 2018) for fog detection over India. However, our 197 

sensitivity analysis of the brightness temperature (Fig. 3) with radiative transfer computations 198 

shows that the ∆𝑇𝑏 threshold varies significantly as a function of the 𝜏𝑐, ℎ𝑐 and 𝜃 along with the 199 

𝑟𝑐, and therefore should not be considered as a constant value such as the fixed 2.5 K threshold 200 

considered in previous studies (Chaurasia et al., 2011).   201 

We now demonstrate the sensitivity of Tb (and ∆𝑇𝑏) to the various aforementioned cloud 202 

properties and satellite viewing geometry through a number of systematic radiative transfer 203 
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computations. Fig. 4a shows the variation in 𝑇𝑏 with 𝑟𝑐 (2 ≤ 𝑟𝑐 ≤ 40 𝜇𝑚) and 𝜏𝑐 (𝜏𝑐= 5, 10, 20, 204 

30) at 3.96 𝜇𝑚 and 11.03 𝜇𝑚. The 𝑇𝑏 at smaller 𝜏𝑐 is greater than the 𝑇𝑏 at higher 𝜏𝑐 at both the 205 

SWIR and IR channels, due to the attenuation of the nighttime radiance as the opacity of the 206 

cloud increases. Fig. 4b shows 𝑇𝑏 as a function of 𝑟𝑐 and ℎ𝑐 with 2 ≤ 𝑟𝑐 ≤ 40 𝜇𝑚 and ℎ𝑐varying 207 

from 1 km to 4 km. The top of the fog layer at higher altitudes is cooler than at lower altitudes, 208 

which is evident in the lower brightness temperature at ℎ𝑐 = 4 km than at ℎ𝑐 = 1 km, for both 209 

3.96 𝜇𝑚 and 11.03 𝜇𝑚. There is also a small but non-negligible variation present in ∆𝑇𝑏 210 

corresponding to ℎ𝑐 for 𝑟𝑐 < 9 𝜇𝑚 (Fig. 4e). In addition, we find that the ∆𝑇𝑏 is smaller than 2 K 211 

for fog layers with higher cloud tops and low cloud optical depth (for 𝑟𝑐 > 9 𝜇𝑚), further 212 

indicating that low ∆𝑇𝑏 is plausible with cloud layer at high altitudes and larger 𝑟𝑐. Finally, the 213 

largest sensitivity is found for the satellite viewing geometry where Fig. 4c shows the variation 214 

in the Tb with 𝜃 (0° ≤ 𝜃 ≤ 60°). The brightness temperature at both the channels, 3.96 𝜇𝑚 and 215 

11.02 𝜇𝑚, especially at the shorter wavelength, drops significantly at larger 𝜃, where the 216 

distance between the sensor and the fog/low-cloud feature is greater than that at smaller 𝜃. 217 

Specifically, the emitted radiation from the surface-fog feature passes through a longer 218 

atmospheric path at larger 𝜃, which leads the brightness temperature to be cooler, compared to 219 

lower temperature at smaller 𝜃. There is a pronounced variation in ∆𝑇𝑏 with 𝜃; for example at 9 220 

𝜇𝑚, the ∆𝑇𝑏 is 4.5 K at 𝜃 = 40°, significantly larger than ∆𝑇𝑏 of 2.5 K at 𝜃 = 20° (Fig. 4f). 221 

Overall, constraining the detection of foggy/low-cloud features is dependent on several key 222 

variables including cloud effective radius, cloud optical thickness, cloud top height and sensor 223 

viewing geometry, as shown here in the systematic radiative transfer simulations, underscoring 224 

the need for a dynamic threshold of ∆𝑇𝑏 towards enabling a robust fog detection framework. 225 
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Next, we characterize the dynamic threshold towards fog detection in satellite 226 

observations against physically-consistent radiative transfer (RT) simulations. Fig. 5a shows the 227 

brightness temperatures at 3.96 μm and 11.03 μm computed as a function of 𝜃 for different 228 

cloud top heights (ℎ𝑐 = 1 𝑘𝑚 and ℎ𝑐 = 2 𝑘𝑚) for 𝑟𝑐 = 9 𝜇𝑚. As noted earlier, the 𝑇𝑏 at ℎ𝑐 =229 

2 𝑘𝑚 is lower than at ℎ𝑐 = 1 𝑘𝑚, with the 𝑇𝑏 decreasing at larger 𝜃 (particularly after sensor 230 

zenith angle of 40°) for both the channels. Consequently, the ∆𝑇𝑏 increases at larger 𝜃 (Fig. 5b) 231 

for both the ℎ𝑐 = 1 𝑘𝑚 and 2 𝑘𝑚, and follows approximately a third order polynomial. We 232 

extracted a 𝑇𝑏 profile during a nighttime fog-covered scene from MODIS observations on 30 233 

January 2014 (Fig. 5c), to characterize the variations in 𝑇𝑏 as a function of 𝜃 (from 7° to 234 

62°) and demonstrate the satellite-derived dynamic threshold for fog detection. The observed 𝑇𝑏 235 

profile (Fig. 5c) shows a similar variation as compared to the RT simulations with steep decline 236 

in 𝑇𝑏 for oblique viewing geometry (𝜃 > 40°).  Fig. 5d shows that the observed foggy pixels 237 

along the transect (supplementary Fig. S1) are associated with systematically increasing ∆𝑇𝑏, 238 

which are greater than the theoretical threshold. Overall, the consistency between satellite 239 

observations and RT simulations reinforces the significance of the need for a dynamical 240 

threshold for fog detection. 241 

4. Long-term winter fog climatology over south Asia (2002-2020) 242 

Using the aforementioned approach, we apply the nighttime detection algorithm to 243 

process daily fog maps from 2002 to 2020 over the IGP during the winter months of December 244 

and January. Fig. 6 shows spatial distribution of nighttime fog episodes covering majority of the 245 

IGP for 30 January 2014, 11 December 2016 and 1 January 2018, using Aqua/MODIS 246 

observations. The maps were created at 0.01° x 0.01° spatial resolution (approximately 1 km x 1 247 
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km resolution). We also provide here an estimation of the CER for fog-detected pixels (relevant 248 

information is provided in supplementary material). In Fig. 6b and 6c, the spatial distribution of 249 

our nighttime estimated CER along with the operationally-retrieved daytime CER from 250 

Terra/MODIS are shown for foggy pixels on 30 January 2014, 11 December 2016 and 1 January 251 

2018, respectively. A large fraction of CER less than 9 μm (as also shown in Fig. S2 in 252 

supplementary material) suggest the effectiveness of the fog CER estimation during nighttime 253 

where the distribution is generally found to be consistent with the daytime CER. 254 

We then expanded the processing of daily nighttime fog detection to develop a long-term 255 

climatological distribution over the IGP, for the 19-year period 2002-2020. Fig. 7a shows the 256 

mean seasonal (December-January) fog frequency from 2002-03 to 2020-21.  Across the IGP, 257 

the mean fog frequency varies between 5-20 days, with about 20% of the winter nighttime 258 

observations associated with fog/low cloud cover. The largest occurrences of fog are found in the 259 

vicinity of the Himalayan foothills along the bordering areas of India and Nepal (as indicated by 260 

red shading in Fig. 7a). This observation of enhanced fog frequency is consistent with daytime 261 

observations of increased fog occurrences in the IGP near the Himalayan foothill as previously 262 

reported by Gautam et al. 2007, which represents the Terai region (or the lowland areas of 263 

northern India and southern Nepal).  264 

We also observe this enhanced fog pattern in the overlapping MODIS daytime 265 

climatological distribution over the same time period from 2002-03 to 2020-21 using data from 266 

Terra observations at ~10:30 am local-time (Fig. 7b). The Terai region is widely known in the 267 

northern regions of south Asia for its ‘seet lahar’ phenomena where long periods of cold 268 

conditions with low temperatures and calm winds persisting during the winter period, promoting 269 
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the persistence of fog conditions, together with frequent low-level temperature inversion and 270 

high relative humidity (Gautam et al., 2007; Ghude et al., 2017; Saikawa et al., 2019).       271 

For the purposes of intercomparison and validation of our nighttime detection framework, 272 

we use surface visibility data over 9 stations, as shown in supplementary Table S1, spread across 273 

the IGP, namely Amritsar, Bareilly, Gaya, Gorakhpur, Hissar, Indira Gandhi International (IGI) 274 

airport, Lucknow, Patna, and Safdarjung. Fig. 8 shows a scatter plot between poor visibility 275 

frequency (visibility < 250 m) derived from the surface meteorological data and fog frequency 276 

obtained from the nighttime satellite data analysis. The poor visibility frequency in a winter 277 

season at each station is computed by taking sum of the number of days when visibility is < 250 278 

m at 2:30 am local-time, out of the total number of days in December-January, i.e. 62. The 2:30 279 

am time stamp in the surface observations was the closest to the nighttime Aqua observations at 280 

~1:30 am local-time. For each ground station, the corresponding satellite-derived seasonal fog 281 

frequency is computed as the sum of the fog-detected data averaged for 3 x 3 pixels 282 

(approximately 9 sq. km area) centered over the ground meteorological station. The slope of the 283 

regression line as indicated in Fig. 8 is 0.86 with a correlation coefficient of 0.87 (p-value << 284 

0.01), suggesting that the frequency in satellite-detected closely follows a statistically significant 285 

relationship with fog-laden poor visibility conditions observed at surface. The correlation 286 

coefficient reduces to 0.84 (p-value << 0.01), when the visibility criteria is relaxed to less than 287 

500 m, suggesting that the satellite-based detection is rather indicative of dense fog resulting in 288 

enhanced degradation of surface visibility (as indicated by higher correlation at poor visibility 289 

conditions of < 250 m).  290 

In addition, the intercomparison analysis suggests slightly reduced frequency in fog 291 

occurrences in the satellite detection as compared to the surface visibility data. Our fog retrievals 292 
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based on MODIS data can be limited by the mid-high level clouds in the troposphere overlaying 293 

and obscuring the fog layer closer to the ground. Furthermore, the orbital gaps also narrowly 294 

reduce the data availability from the MODIS observations contributing to a low bias in the fog 295 

frequency retrieved using satellite data. That said, the present intercomparison should not be 296 

strictly considered as validation since the surface visibility refers to horizontal visibility while 297 

the satellite-derived results correspond to atmospheric column. Overall, the close association 298 

between satellite and surface data enhance confidence in our methodology demonstrating the 299 

robustness of a high-resolution satellite data record covering the entire IGP in space and time. 300 

We also analyzed the interannual variations in satellite-derived fog frequency with 301 

ground-observed poor visibility conditions associated with fog (visibility < 250 m) averaged 302 

over the 9 meteorological stations, and found a significantly high correlation of 0.93 (p-value << 303 

0.01) (Fig. 9). The year-to-year variations in fog are found to be well correlated with monthly 304 

mean Relative Humidity (RH) (correlation coefficient of 0.77; p-value << 0.05), with generally 305 

lower RH associated with lower fog occurrences and vice versa. It is well known that high RH 306 

conditions prevailing in the shallow boundary layer in the winter months favor the formation fog 307 

in the IGP (Gautam et al., 2007; Ghude et al., 2017). 308 

5. Summary 309 

In this study, we use 19 years of satellite observations to produce a high-resolution (≈1 310 

km x 1 km) climatology of winter fog over south Asia focusing on the Indo-Gangetic Plains, 311 

using nighttime and daytime MODIS observations for the period 2002-2020. The physical basis 312 

for nighttime fog detection lies in the characteristic differences in the infrared brightness 313 

temperature calculated for MODIS 3.96 μm and 11.03 μm bands, associated with the emissive 314 

properties of the two channels for fog droplets. We used a radiative transfer framework involving 315 
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satellite radiances and existing retrievals of cloud properties to map and quantify fog detections. 316 

Here, we specifically constructed a dynamical threshold for fog detection based on brightness 317 

temperature differences as a function of various satellite and fog/low-cloud parameters including 318 

viewing geometry, fog effective radius, fog vertical distribution and its optical thickness. In 319 

addition to fog detection, we also characterize size of fog/low-cloud droplets in terms of their 320 

effective radius which is found to be less than 9 µm (mean=7.2 and standard deviation=1.1). To 321 

evaluate the performance of satellite-based fog analysis, the remote sensing derived results were 322 

intercompared with near-surface data of poor visibility (< 250 m visibility) based on nine 323 

meteorological observing sites across the IGP.  324 

Our results indicate a high correlation between the disparate satellite and ground-based 325 

approaches, which were also supported by a close interannual relationship between relative 326 

humidity and fog occurrences over the last two decades, and further help shed light into the 327 

meteorological underpinnings of fog variability over the vast IGP. In addition, we processed the 328 

daytime fog climatology over the past two decades using thresholding approaches on a 329 

combination of cloud property retrievals from Terra/MODIS data. The nighttime and daytime 330 

analysis show similar spatial patterns and magnitudes of fog frequency across regions of 331 

northern India, Pakistan, Nepal and Bangladesh. We find the highest fog occurrences in the low-332 

lying Terai region in the bordering areas of northern India and southern Nepal, which runs 333 

parallel to the lower Himalayan ranges, as consistently indicated in both the daytime and 334 

nighttime satellite derived data. We anticipate the high-resolution long-term fog data record 335 

derived from satellite observations in this study addresses a gap in the present understanding of 336 

the winter fog characteristics focused over the IGP, especially from a long-term spatial-temporal 337 

perspective. The satellite-based detection framework as discussed here can also be used to 338 
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routinely map and quantify fog occurrences or help advance existing approaches towards 339 

developing a robust fog monitoring tool specifically in the IGP as well as in other geographies 340 

around the world that are subject to fog formation. 341 
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Figures 361 

 362 

Figure 1: True color Terra/MODIS imagery of fog cover over the Indo-Gangetic Plains on (a) 363 

30 January 2014, (b) 11 December 2016 and (c) 1 January 2018. 364 
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 365 

Figure 2: Brightness temperature (Tb) computed using Aqua/MODIS band 22 (3.9 𝜇𝑚) for (a) 366 

30 January 2014, (b) 11 December 2016 and (c) 1 January 2018; and band 31 (11.02 𝜇𝑚) for (d) 367 

30 January 2011, (e) 11 December 2016 and (f) 1 January 2018 and brightness temperature 368 

difference  between band 31 and band 22 for (g) 30 January 2014 (h) 11 December 2016 (i) and 369 

1 January 2018 from Aqua/MODIS observations focused over the Indo-Gangetic Plains bounded 370 

by 70° - 95° E longitudes and 20° - 33° N latitudes. 371 

 372 

 373 
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 374 

Figure 3: (a) Variation in the brightness temperature with cloud effective radius at 3.96 μm for 375 

and 11.03 μm computed from radiative transfer simulations at sensor zenith angle of 20° and 376 

cloud optical thickness of 30. (b) Variation of brightness temperature difference (BTD) (3.96 μm 377 

and 11.03 μm) with cloud effective radius. 378 

 379 

 380 

 381 

 382 



20 
 

 383 

Figure 4: (a) Variation of brightness temperature (𝑇𝑏) with cloud effective radius (CER) and 384 

cloud optical thickness (COT) at 3.96 𝜇𝑚 and 11.03 𝜇𝑚 based on radiative transfer model 385 

computations at sensor zenith angle, 𝜃 = 20° and at cloud top height (CTH) = 1 km. (b) 386 

Variation in 𝑇𝑏(11.03 𝜇𝑚)  and 𝑇𝑏(3.96 𝜇𝑚) with CER and CTH at COT = 30 and 𝜃 = 20°. (c) 387 

Variation of 𝑇𝑏(11.03 𝜇𝑚) − 𝑇𝑏(3.96 𝜇𝑚) with CER and 𝜃 at COT = 30 and CTH = 1 km. (d) 388 

Variation of brightness temperature difference, 𝑇𝑏(11.03 𝜇𝑚) − 𝑇𝑏(3.96 𝜇𝑚) with CER and 389 

COT at 3.96 𝜇𝑚 and 11.03 𝜇𝑚 at 𝜃 = 20° and at CTH = 1 km. (e) Variation in the 390 

𝑇𝑏(11.03 𝜇𝑚) − 𝑇𝑏(3.96 𝜇𝑚) with CER and CTH at COT = 30 and 𝜃 = 20°. (f) Variation in 391 

𝑇𝑏(11.03 𝜇𝑚) − 𝑇𝑏(3.96 𝜇𝑚) with CER and 𝜃 at COT = 30 and CTH = 1 km. 392 
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 393 

Figure 5: (a) Variation in the brightness temperature (𝑇𝑏) with sensor zenith angle (𝜃) and cloud 394 

top height (CTH) at 3.96 µm and 11.03 µm and at cloud effective radius (CER = 9 µm) 395 

simulated using a radiative transfer model. (b) Variation of brightness temperature difference 396 

(𝑇𝑏) (11.03 µm and 3.96 µm) with 𝜃 and CTH. (c) Variation in 𝑇𝑏 with 𝜃 at 3.96 µm and 11.03 397 

µm for the fog-covered pixels along a transect (the transect is a straight line joining two points, 398 

point1 (latitude=32.5°N, longitude=73.5°E) and point2 (latitude=24.5°N, longitude=85.5°E))  399 

across the IGP for 30 January 2014. (d) Variation of 𝑇𝑏(11.03 µm) -  𝑇𝑏(3.96 µm) and difference 400 

threshold with 𝜃 and CTH. The red dots show the threshold computed from a radiative transfer 401 

model as a function of 𝜃 and CTH. The green dots show the brightness temperature difference 402 

along the transect for the 30 January 2014. 403 
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 404 

Figure 6: (a) Fog over the IGP observed using the nighttime fog detection algorithm for 30 405 

January 2014, (b) 11 December 2016, and (c) 1 January 2018 (d) Simulated nighttime CER (unit 406 

- µm) over the Indo-Gangetic Plains for 30 January 2014, (e) 11 December 2016 and (f) 1 407 

January 2018 (g) The CER retrievals (unit - µm)from Terra/MODIS for daytime for January 30, 408 

2014, (h) 11 December, 2016 and (i) 1 January 2018. 409 
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 410 

Figure 7: (a) Mean seasonal fog frequency (December-January) computed using the nighttime 411 

fog detection algorithm using daily Aqua/MODIS observations (~1:30 am local-time), over the 412 

Indo-Gangetic Plains for the period 2002-20. Colorbar indicates number of days fog was 413 

detected during December-January. (b) Mean seasonal fog frequency (December-January) 414 

computed using the daytime fog detection analysis using Terra/MODIS observations (~10:30 am 415 

local-time), for the period 2002-20. The largest fog frequency is found in the bordering areas of 416 

India and Nepal, along the Terai region, south of the Himalayan foothills. 417 

 418 

 419 

 420 
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 421 

Figure 8: Intercomparison of seasonal fog frequency, derived using nighttime Aqua/MODIS 422 

observations for the period 2002-2020 for the winter months of December-January, with the poor 423 

visibility frequency (visibility < 250 m) computed from ground meteorological data. 424 

 425 

 426 
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 427 

Figure 9:  Interannual variations of fog frequency (red) derived using Aqua/MODIS 428 

observations for the winter months of December-January for the period 2002-2020, poor 429 

visibility frequency (visibility < 250 m) is shown in blue and relative humidity (%) from ground 430 

meteorological observations in the Indo-Gangetic Plains. 431 

 432 
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S1. Estimation of nighttime CER 557 

We created a lookup table for brightness temperature at 11.03 µm and 3.96 µm and their 558 

difference for characterizing fog/low clouds as a function of θ, 𝑟𝑐, ℎ𝑐 and COT. Since the 559 

MODIS cloud product does not include retrievals of cloud effective radius during nighttime 560 

observations, the microphysics information is presently lacking for fog/low cloud in satellite 561 

data. We provide here an estimation of the 𝑟𝑐 for fog-detected pixels. For instance for each value 562 

of 𝑡𝑐 assumed between 25-35, we simulated the effective radius which was used to compute a 563 

mean 𝑟𝑐 along with the uncertainty based on +/-1 standard deviation (SD). Fig. 6 and Fig. S2a, 564 

S2b and S2c (in supporting information) show the simulated nighttime 𝑟𝑐 at foggy pixels for 30 565 

January 2014, 11 December 2016 and 1 January 2018, respectively. In all three cases, the 566 

maximum SD of the retrieved 𝑟𝑐 is 0.5; therefore, the 𝑟𝑐 at each pixel is similar for all values of 567 

𝑡𝑐 between 25-35. Since nighttime cloud effective radii are not available, the simulated 𝑟𝑐 are 568 

compared with MODIS daytime cloud effective radius, as a way of intercomparison but not 569 

validation.  The Figures S2d, S2e and S2f show the MODIS daytime cloud effective radius for 570 

30 January 2014, 11 December 2016 and 1 January 2018, respectively. The figures suggest that 571 

the CER is consistently less than 9 µm in both nighttime and daytime analysis where the 572 

histogram distributions are generally found to be consistent. 573 
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Supplementary figures: 574 

 575 

Figure S1: A transect (in white color) in the IGP along which the plots in main Fig. 5c and Fig. 576 

5d are presented. For reference, in the background MODIS sensor zenith angle is shown (with its 577 

colorbar indicating angles in degrees) on 30 January 2014. 578 
 579 

 580 

 581 

 582 

 583 

 584 
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 586 

 587 
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 595 

Figure S2: Histogram of the radiative transfer simulated nighttime CER over the IGP for (a) 30 596 

January 2014, (b) 11 December 2016 and (c) 1 January 2018. Histograms of the CER retrievals 597 

from the MODIS (Terra) for daytime for (d) January 30, 2014, (e) 11 December, 2016 and (f) 1 598 

January 2018 are also shown. 599 
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Table S1: City names and coordinates of the nine ground stations distributed across IGP.  607 

Name Latitude Longitude 

Amritsar 31.710° N 74.797° E 

Bareilly 28.422° N 79.451° E 

Gaya 24.744° N 84.951° E 

Gorakhpur 26.740° N 83.450° E 

Hissar 29.179° N 75.755° E 

IGI 28.567° N 77.103° E 

Lucknow 26.761° N 80.889° E 

Patna 25.591° N 85.088° E 

Safdarjung 28.585° N 77.206° E 
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